Passive Assessment of Longitudinal Behaviors Associated with Mindfulness by Doiron, Matthew J.
  
 
 
 
 
Passive Assessment of Longitudinal Behaviors Associated with Mindfulness 
  
 
 
A Thesis  
 
Submitted to the Faculty 
 
of 
 
Drexel University 
 
by  
 
Matthew J. Doiron 
 
In partial fulfillment of the 
 
requirements for the degree 
 
of 
 
Master of Science 
 
August 2016 
 
 
 
 
 
 
 
  
 
ii 
 
  
 
 
 
 
 
 
 
 
 
 
© Copyright August 2016 
Matthew James Doiron. All Rights Reserved. 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
ii 
Table of Contents 
LIST OF TABLES ............................................................................................................. iv 
ABSTRACT .........................................................................................................................v 
BACKGROUND .................................................................................................................1 
General .................................................................................................................................1 
Definition and Benefits of Mindfulness ...............................................................................2 
Definition .............................................................................................................................2 
State versus Trait ..................................................................................................................3 
Current Methods for Assessing Trait-Mindfulness ..............................................................4 
Self-Report ...........................................................................................................................4 
Ecological Momentary Assessment .....................................................................................5 
Novel Approach to Assessing Trait-Mindfulness ................................................................6 
The Current Study ..............................................................................................................10 
Primary Aims .....................................................................................................................10 
Exploratory Aim ................................................................................................................14 
Method ...............................................................................................................................14 
Participants .........................................................................................................................14 
Measures ............................................................................................................................16 
Langer Mindfulness Scale ..................................................................................................16 
Phone Sensing Metrics .......................................................................................................19 
WiFi Data ...........................................................................................................................19 
Bluetooth Data ...................................................................................................................20 
Call and Text Logs .............................................................................................................20 
Phone Usage .......................................................................................................................21 
Procedures ..........................................................................................................................21 
Results ................................................................................................................................21 
Statistical Plan ....................................................................................................................21 
Data Processing ..................................................................................................................22 
Test for Outliers .................................................................................................................23 
Demographic Covariates ....................................................................................................24 
Testing Regression Assumptions .......................................................................................24 
Primary Analyses ...............................................................................................................25 
Exploratory Analyses .........................................................................................................29 
Discussion ..........................................................................................................................30 
Limitations .........................................................................................................................33 
Future Directions ...............................................................................................................35 
Conclusion .........................................................................................................................36 
References ..........................................................................................................................45 
  
 
iii 
List of Tables 
1. Significant and Reliable Associations Between Langer Mindfulness Scale Scores and 
Other Clinical Measures ....................................................................................................39 
2. Phone-Sensing Variables and Hypothesized Association with LMS-21 Total Score ...40 
3. Correlations between LMS-21 total score and phone attachment predictors  ...............41 
4. Correlations between phone sensing variables and alt. Langer Mindfulness Scale 
scores  .................................................................................................................................42 
5. Multiple Regression of LMS-14 Novelty Seeking on phone sensing variables  ...........43 
6. Summary of Findings for Primary and Exploratory Aim ..............................................44 
 
 
 
 
  
  
 
iv 
Abstract 
 The assessment of mindfulness (i.e., a general receptivity and full engagement in 
the present moment) has historically been conducted via self-report questionnaires and 
interviews (Brown, Ryan, & Creswell, 2007), and there has been limited research into 
objective and behavioral–based assessment tools. Phone-sensing is a novel data 
collection method that has been shown to detect long-term behavioral patterns associated 
with personality traits (De Montjoye, Quoidbach, Robic, & Pentland, 2013), mental 
health status (Ben-Zeev et al., 2016), and physical health (Eagle & Sandy Pentland, 2006) 
by passively collecting data from smartphone sensors and software. The purpose of the 
current study was to determine if there is an association between patterns of phone-
sensing data and reported level of mindfulness. Findings suggest that there is significant 
positive relationship between mindfulness and predictability of the participant’s location 
each day, predictability of face-to-face interactions each day, number of face-to-face 
interactions on nights and weekends. Among the phone sensing predictors, predictability 
of face-to-face interactions measured via detecting Bluetooth signals explained the most 
unique variance, and the combination of all three associated predictors explained a 
medium-to-large amount of the variance in mindfulness scores. The current study’s 
findings support the possible utility phone sensing methods may have in measuring 
longitudinal behaviors and quantifying long-term fluctuations in behaviors that are 
traditionally difficult to quantify.  
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Passive Assessment of Longitudinal Behaviors Associated with Mindfulness 
 Research in mindfulness has increased dramatically in recent years, yet there 
remains debate on how to objectively describe mindfulness. The term mindfulness 
historically invoked ideas of Eastern philosophy and consciousness, but more modern 
approaches to mindfulness focus on one’s attention and awareness (Brown et al., 2007). 
Modern conceptualizations of mindfulness differentiate between temporary state-
mindfulness versus long-term trait-mindfulness, and assessment has historically been 
limited to questionnaires and retrospective recall (Brown et al., 2007). While research has 
attempted to measure momentary state-mindfulness within controlled research 
environments (Brown & Ryan, 2003), there exists no equivalent for objectively 
measuring longitudinal behaviors associated with trait mindfulness.  
In the computer science field, phone-sensing is a novel approach to passively 
measuring real-world behaviors using ubiquitous technology, and has previously been 
used to associate smartphone data with personality traits (M. Gjoreski, Gjoreski, Lutrek, 
& Gams, 2015; Pan, Aharony, & Pentland, 2011; Staiano et al., 2012), mental health 
status (Ben-Zeev et al., 2016; Ben-Zeev, Scherer, Wang, Xie, & Campbell, 2015; Madan, 
Cebrian, Moturu, Farrahi, & Pentland, 2012; Rachuri, Musolesi, & Mascolo, 2010), and 
physical well-being (Madan, Cebrian, Lazer, & Pentland, 2010). Due to its automated 
and passive nature, phone-sensing may have clinical utility as it largely avoids some of 
the current limitations on assessing real-world behaviors associated with long-term 
psychological traits.  
One application that capitalizes on the unique benefits of phone-sensing could be 
improving the assessment of trait-mindfulness. Mindfulness has shown to be clinically 
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helpful in improving psychological well-being in many different clinical populations 
(Brown et al., 2007; Brown & Ryan, 2003), but there remain several limitations on how 
mindfulness is objectively defined and measured.  
 
Definition and Benefits of Mindfulness 
Definition. Mindfulness’ earliest roots can be traced back to Buddhism, and over 
centuries there have been several different conceptualizations of mindfulness (Brown et 
al., 2007); however, the two consistent components across all concepts include having a 
general receptivity and full engagement in the present moment. To be generally receptive 
to the present moment means having awareness of one’s inner thoughts, feelings, actions, 
and surroundings (Brown et al., 2007). In addition to being receptive to all sources of 
information, mindfulness is associated with a simpler processing of information, where 
experiences are simply noticed without comparison, evaluation, or rumination. That is not 
to say that mindfulness is a cognitively passive experience, but rather one takes a more 
meta-cognitive stance where thoughts and emotions are viewed similar to objects of 
sensory perception. This wide and nondiscriminatory awareness of an experience is 
thought to lead to an increased engagement in the present moment, where one’s thoughts 
are neither on the past nor future (Brown et al., 2007). Though to remain in the moment, 
one needs to stay cognitively and behaviorally flexible by adapting to new situations and 
disengaging from previous thoughts and behaviors.  
Cognitive and behavioral flexibility is one area of mindfulness that is much more 
focused on in Ellen Langer’s socio-cognitive conceptualization of mindfulness (Pirson, 
Langer, Bodner, & Zilcha-Mano, 2012). Unlike other frameworks which are more rooted 
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in Eastern philosophy, the socio-cognitive mindfulness framework was one of the first 
conceptualizations to place more emphasis on external, rather than internal, awareness 
and engagement (Haigh, Moore, Kashdan, & Fresco, 2011; Pirson et al., 2012). Within 
the Langerian tradition, mindfulness is further described as a cognitive state where one is 
continuously skeptic of existing expectations and willing to refine beliefs based on newer 
experiences (Pirson et al., 2012). In essence, mindfulness requires a high degree of open-
mindedness, which benefits problem-solving situations and social interactions. This focus 
has made socio-cognitive mindfulness one of the most popular frameworks within social 
psychology and business/organizational research (Haigh et al., 2011; Leong & Rasli, 
2013; Pirson et al., 2012). 
State versus Trait. Mindfulness is generally treated as a cognitive style or 
process, but many different frameworks differ on conceptualizing mindfulness as being 
either a momentary state or long-term trait. Clinical psychology frameworks more often 
focus on state-mindfulness. Several therapeutic techniques (e.g., Dialectical Behavioral 
Therapy or Mindfulness-based Stress Reduction) develop skills to initiate mindful states 
through increased meta-cognitive insight and voluntary exposure to challenging 
experiences (Brown et al., 2007).  
Having an increased tendency for states of mindfulness has also been described as 
trait-mindfulness (Brown et al., 2007), which is the focus of the current study. Previous 
research has shown that trait-mindfulness is associated with decreased depressive 
symptoms, anxiety, and stress, as well as increased levels of subjective well-being 
(Brown & Ryan, 2003; Keng, Smoski, & Robins, 2011). Trait-mindfulness has also been 
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negatively associated with neuroticism (Pirson et al., 2012) and positively associated with 
extroversion (De Vibe et al., 2013; Giluk, 2009; Hollis-Walker & Colosimo, 2011). 
Current Methods for Assessing Trait-Mindfulness 
Self-Report. The majority of trait-mindfulness is conducted via self-report 
questionnaires and structured interviews. Some of the most popular and well-studied 
questionnaires include the Mindful Attention Awareness Scale (MAAS), Kentucky 
Inventory of Mindfulness Skills (KIMS), Cognitive and Affective Mindfulness Scale 
(CAMS), and Mindfulness Questionnaire (MQ; Baer, Smith, Hopkins, Krietemeyer, & 
Toney, 2006). Within the socio-cognitive mindfulness literature, Langer also developed 
the self-report Langer Mindfulness Scale (also referenced as the Langerian 
Mindfulness/Mindlessness Scale) as a reliable and valid measure of the socio-cognitive 
mindfulness framework (Haigh et al., 2011; Langer, 2004).  
While current mindfulness measures show exceptional reliability and convergent 
validity, several researchers  have lamented over the field’s reliance on self-report 
questionnaires and interviews (Baer, 2011; Brown & Ryan, 2003; Haigh et al., 2011). 
Relying on self-reported information for understanding past behaviors has limitations, as 
recall of autobiographical information can be prone to biases (Shiffman, Stone, & 
Hufford, 2008). The context in which the target memory (i.e., a past behavior) took place 
and the person’s current context can have a dramatic influence on what memories are 
able to be retrieved (Bradburn, Rips, & Shevell, 1987). As an example, current negative 
emotions can misconstrue the recall of emotional states, as reported intensity of recalled 
emotion is more correlated with a person’s current emotional state than their previous 
emotional state being reported (Levine & Safer, 2002). This is important for the 
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assessment of mindfulness, because trait-mindfulness is only a tendency to have more 
frequent mindful states and assessing someone in a state of mindfulness or mindlessness 
may skew how they report their trait-mindfulness.  
 Another issue with self-report mindfulness questionnaires is that they often lack 
key contextual information for understanding someone’s level of mindfulness. For 
example, a psychometric study of multiple mindfulness measures found that the 
correlations between meditation experience and two mindfulness measures (i.e., CAMS 
and MQ) were nearly significant (Baer et al., 2006). The study additionally found that all 
tested mindfulness measures fit a hierarchical six-factor structure, but one of the lower 
factors (i.e., observation of internal state and environment) was heavily influenced by 
having experience in meditation. Therefore, meditation experience was shown to be one 
of many factors that can influence people’s trait mindfulness and should be taken into 
account when interpreting mindfulness measures; however, this contextual information is 
frequently not gathered by these measures.  
Ecological Momentary Assessment  
 One assessment method that mitigates some of these limitations to self-report 
questionnaires is ecological momentary assessment (EMA), which is a collection of 
methods used for repeated sampling of self-reported experiences and behaviors in the 
participant’s natural environment (Shiffman et al., 2008). EMA techniques often involve 
having participants complete an electronic assessment of their current behaviors, 
thoughts, or emotions following certain events or when prompted at certain time points. 
Research has shown EMA to be more accurate than recall-based ratings, to more 
effectively characterize behaviors compared to traditionally validated self-report 
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measures, and to reduce statistical error in predicative models (Shiffman et al., 2008); 
however, a major limitation of EMA techniques is that they rely on the person adopting a 
new daily behavior into their routine, and people may not adhere well to the multiple 
assessments. Like many EMA studies, a study comparing mindfulness EMA and 
traditional paper assessments  showed that EMA measures were much more sensitive to 
change in mindfulness during a mindfulness-based stress reduction intervention; 
however, 28% of participants failed to complete at least 66% of the EMA assessments (R. 
C. Moore, Depp, Wetherell, & Lenze, 2016). 
 Ultimately, EMA methods have their own advantages and disadvantages. While 
EMA may improve the accuracy of some self-report measures, it is often at the expensive 
of assessment adherence. EMA may also increase the temporal resolution at which we 
can understand changes in behavior or symptoms over time, but increased time points 
come at the cost of contextual information, as EMAs must reduce the number of 
questions within each survey to decrease participant burden.    
 
Novel Approach to Assessing Trait-Mindfulness  
 There a number of limitations on gathering objective mindfulness data, and an 
ideal method of overcoming these barriers would include: objective descriptions of past 
events, measuring behaviors in all contexts and settings, requiring little to no 
participation by the participant, and sampling data very frequently or continuously. 
Within the computer science field, a novel research method has been utilized to collect 
similar behavioral data and could overcome these limitations to clinical assessment. The 
method has been termed phone-sensing, or social-sensing, and it is conceptually similar 
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to EMA. Phone-sensing involves installing software in ubiquitous technology (e.g., a 
participant’s smartphone) and having the device or devices collect continuous data on the 
individual’s day-to-day behaviors; however, unlike EMA, this data collection is 
performed passively by the software and requires no active input from the participant. 
The passive nature of the data collection significantly reduces data inaccuracies due to 
human-error and eliminates the reliance on participants remembering to log data at 
appropriate times (Eagle, Pentland, & Lazer, 2009). While the majority of the research 
using these methods has had nonclinical aims (e.g., predicting traffic flow or creating 
more targeted advertisements), some researchers have suggested that these tools could 
have tremendous implications for healthcare (Lane et al., 2010; Pentland, 2009; Pentland, 
Lazer, Brewer, & Heibeck, 2009; Triantafyllidis et al., 2015).  
To gather data on technologically-mediated behaviors (e.g., phone usage) and 
proxies for other day-to-day behaviors (e.g., moving around a city), phone-sensing 
utilizes the different sensors (accelerometers, light sensors, barometers, etc.) and forms of 
connectivity (cellular, WiFi, GPS, Bluetooth, etc.) embedded in all mobile devices. 
Smartphones are an ideal tool for measuring daily mindfulness behaviors as they are 
often carried around by their owner throughout the day, facilitate multiple forms of 
behavior (e.g., social, organizational, work, and leisure), and can independently collect 
data via multiple sensors, so as not to break the user’s state of mindfulness.  
In one of the seminal phone-sensing studies involving 70 undergraduates living in 
a single dormitory, a combination of phone-sensing and daily questionnaires was used to 
determine if patterns of behavior were associated with mental health and epidemiological 
symptoms (Madan et al., 2010). For this study, students were given a smartphone to use 
  
 
8 
throughout the academic year that passively sampled data regarding their communication, 
proximity to other participants and nonparticipants, and approximate location on campus. 
Throughout the study, software within the phone anonymized all unique identifiers and 
uploaded the smartphone data to a remote server. These passively collected data were 
then correlated with responses from daily questionnaires regarding the individual’s 
current mood, anxiety level, and the presence of low-intensity (i.e., common cold) and 
high-intensity (i.e., influenza) medical symptoms. Results suggested that participants who 
often reported feeling anxious had less overall communication diversity (i.e. less unique 
phone numbers communicated with), while participants that often reported feeling 
depressed had decreased overall communication during late night and early morning 
hours. In addition, both groups showed more physical proximity predictability with other 
people during the late night and early morning. Besides psychological symptoms, low-
intensity and high-intensity medical symptoms were also shown to be associated with 
unique behavioral profiles (e.g., high intensity influenza symptoms were associated with 
increased time in dorm building, longer calls to less people). 
In addition to predicting self-reported symptoms, research using similar phone-
sensing methods has been show to predict participants’ demographic information 
(Altshuler, Fire, Aharony, Elovici, & Pentland, 2012), personality types (De Montjoye et 
al., 2013), relationships among groups of participants (e.g., colleagues, friends, family; 
Dong, Lepri, & Pentland, 2011), and sleep patterns (Moturu, Khayal, Aharony, Pan, & 
Pentland, 2011) with a varying degrees of accuracy. These research studies collectively 
demonstrate a proof of concept in how this novel method of passive assessment using 
cellphone data could be utilized within a clinical setting. As a growing number of 
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Americans own smartphones (A. Smith, 2015), a passive clinical assessment tool could 
be a productive use of the immense amount of unutilized data which a smartphone is 
continuously generating. 
 Although promising, one significant limitation to passively collecting behavioral 
data via smartphones is that the construct validity (i.e., Does it measure what it claims to 
measure?) remains relatively unknown. This methodological dilemma is similar to issues 
being raised in the emerging body of literature using wearable activity trackers (e.g., 
pedometers) to study daily behaviors related to physical health. In a paper by Bussmann 
and van den Berg-Emons (Bussmann & van den Berg-Emons, 2013), the authors 
differentiate physical activity and physical behavior, and caution researchers in equating 
the measurement of a simple activity (e.g., number of steps taken) with the measurement 
of a more complex and clinically relevant behavior (i.e., physical fitness). Behaviors are 
multidimensional constructs, and quantifying a behavior requires measuring multiple 
parameters (e.g., volume and quality) and placing them in context (e.g., time and 
location). This insight is informative for passively collected smartphone data, as the 
clinically significant information is often not activities on the phone (e.g., calls made 
from the user’s phone), but the proxy measurements of behaviors (e.g., number of phone 
conversations), which are not necessarily the same thing. The use of proxies introduces 
inevitable measurement error of varying degrees, and like in the wearable activity tracker 
literature, the best phone-sensing utilizations reduce measurement error by (1) combining 
multiple measurements with contextual information and (2) treating measurements as 
probabilistic rather than definitive (i.e., Bayesian statistics; Dong, Lepri, & Pentland, 
2011; Riedl et al., 2014). 
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Current Study 
 The goal of the current study was to determine whether variables gained from 
phone-sensing are associated with trait mindfulness. The massive amount of phone-
sensing data was reduced by choosing variables that were most likely to be associated 
with three patterns of behavior related to trait mindfulness/mindlessness, including 
behavioral rigidity, smartphone attachment, and general sociability. 
 
Primary Aim 1: Determine whether behavioral rigidity is significantly associated 
with trait mindfulness.  
People with lower levels of mindfulness and flexibility (i.e., mindlessness) can 
show cognitive and behavioral rigidity where decisions default to previously held beliefs 
and more routine behaviors (Pirson et al., 2012). Within this conceptualization, it would 
be expected that people with decreased mindfulness should show more predictable 
behavior, while people with increased mindfulness would show less predictable behavior, 
as their decisions are based on more unique situational information and context. As 
behavioral rigidity could be expressed within different contexts, the current study aimed 
to capture the widest range of possible rigid or flexible behaviors by examining the 
average daily entropy (i.e., a statistical measure of unpredictability) of participants’ 
approximate location, time of communications, and face-to-face interactions. The 
purpose of the measures was to quantify the repetition of the participants’ daily routine, 
and determine how predictably they visit the same locations, communicate at the same 
times, and interact with the same people. 
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Hypothesis 1: Increased average daily entropy (i.e., most days are very 
unpredictable) of approximate location (i.e., detected WiFi networks), time of 
communications (i.e., phone calls and texts), and face-to-face interactions (i.e., detected 
Bluetooth devices) will all be significantly positively associated with increased trait 
mindfulness.  
 
Primary Aim 2: Determine if phone-sensing variables of phone attachment are 
significantly associated with trait mindfulness. 
Since the introduction of the smartphone, people of all ages have spent 
increasingly more time interacting with their phone (A. Smith, 2015) despite causing 
poorer performance in other life activities (e.g., studying or work at job; Z. Wang & 
Tchernev, 2012) and increased anxiety when separated from their device (Clayton, 
Leshner, & Almond, 2015). One of the most studied explanations of this increased 
attachment to smartphones is fear of missing out (FoMO), which refers to the “fears, 
worries, and anxieties people may have in relation to being out of touch with the events, 
experiences, and conversations happening across their extended social circles” (Clayton 
et al., 2015). As FoMO is associated with an over occupation of events happening 
elsewhere, it logically follows that decreased FoMO is likely negatively correlated with 
increased mindfulness.  
The current study aimed to look at smartphone attachment by looking at how 
participants interact with their phone throughout the day. A person that has decreased 
trait mindfulness was expected to be less engaged with the present moment and more 
easily broken away from the physical situation to attend to their device; likewise, a 
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person with high mindfulness was expected to relegate using their phone to a particular 
time and place to not disrupt their present moment. Therefore, the current study examined 
within-day phone usage consistency and time between communications (i.e., call and 
texts). Within-day phone usage consistency was calculated by dividing each day into 15-
minute time slots (i.e., 96 time slots per day) and calculating how many time slots 
involved phone usage. As an illustration, two participants may both use their phones for a 
total of 30 minutes per day; however, they may differ in their within-day phone usage 
consistency if one uses their phone once for 30 minutes consecutively and the other 
participant uses their phone sporadically throughout the day. Similarly, time between 
communications was also measured to see if communications were more or less clustered 
together.  
Hypothesis 2: Decreased within-day phone usage consistency, increased average 
time between communications, and increased variability of time between 
communications will all be significantly associated with increased trait mindfulness. 
 
Primary Aim 3: Determine if phone-sensing variables of general sociability are 
significantly associated with trait mindfulness. 
 Measures of trait-mindfulness have shown to be predict quality of social 
interactions and overall satisfaction with relationships (Brown et al., 2007). Similarly, 
phone-sensing data has been shown to measure several aspects of social interactions and 
overall sociability, including phone communication with friends and family (Madan et 
al., 2010) and quantity of face-to-face interaction (Eagle & Sandy Pentland, 2006; 
Staiano et al., 2012). The current study aimed to determine the relationship between 
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phone-sensing variables associated with sociability and trait mindfulness. Participants 
who were considered to be more sociable were expected to communicate more often via 
phone, communicate with more people, and interact with more people during leisure time 
(i.e., nights and weekends).  
Hypothesis 3: Increased total communications (i.e., calls and texts), number of 
unique phone numbers communicated with, and total face-to-face interactions on nights 
and weekends will all be significantly associated with increased trait mindfulness. 
 
Primary Aim 4: Determine what category of behavior measured via phone-sensing 
is the most predictive of trait mindfulness. 
While the predictability of different groups of variables was examined in Aims 1 
through 3, the sets of variables were also compared to each other to determine which 
group (i.e., type of behavior) is the most predictive of trait mindfulness. While all three 
categories were expected to be associated with mindfulness individually, the behavioral 
entropy variables are expected to be the most predictive as phone use patterns (i.e., 
smartphone attachment) may have higher individual variability due to personal 
circumstances (e.g., job, family structure, etc.), and sociability may be more strongly 
influenced by other psychological factors (e.g., mood) or other personal circumstances 
(e.g., current workload). 
Hypothesis 4: Behavioral entropy variables will predict significantly more 
variance in trait mindfulness than smartphone attachment and sociability variables. 
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Exploratory Aim: Determine if phone-sensing variables are associated with 
alternate scoring of the Langer Mindfulness Scale. 
 The current study used the Langer Mindfulness Scale (LMS) as the primary 
outcome variable for trait-mindfulness. The LMS was originally designed to have a total 
score represent overall mindfulness and four subscales representing a theoretical four-
factor structure (Langer, 2004; Pirson et al., 2012); however, several studies have brought 
the underlying factor structure into question and have subsequently suggested dropping 
certain items (Haigh et al., 2011; Leong & Rasli, 2013; Pirson et al., 2012). Since the 
initial inception of the LMS, there has existed a 21-item (Pirson et al., 2012), 19-item 
(Leong & Rasli, 2013), and 14-item LMS (Pirson et al., 2012), which have all shown to 
have one (Haigh et al., 2011; Pirson et al., 2012), two (Haigh et al., 2011; Leong & Rasli, 
2013), three (Pirson et al., 2012), and/or four (Langer, 2004) underlying factors. Due to 
the multiple discrepancies in LMS scoring guidelines, the current study aimed to explore 
the impact alternative methods of scoring have on the relationship between phone-
sensing data and mindfulness. 
 
Method 
Participants 
The current study utilized a publicly available and anonymized dataset collected 
for Aharony and colleagues’ Friends and Family Study (Aharony, Pan, Ip, Khayal, & 
Pentland, 2011). This study was chosen because it is considered to be a much more 
heterogeneous and generalizable sample than many other phone-sensing studies that use 
only undergraduates (Aharony et al., 2011; De Montjoye, Quoidbach, & Robic, 2013). 
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These data were collected from residents of Massachusetts’s Institute of Technology’s 
(MIT) Westgate complex, which is a community of families. At least one member of 
each household was a graduate student at MIT, and because one of the original aims of 
the Friends and Family Study was to examine social network dynamics, multiple people 
could be recruited within individual households. Participants were recruited in two 
phases, Spring 2010 (56 participants) or Fall 2010 (130 participants), and data were 
collected for all participants for approximately 1 year. Android smartphones were 
provided to participants for participation. Inclusion in the study was conditional on the 
participant contacting their service provider and switching to the Android phone as their 
primary phone. 
Given that the primary outcome measure of the study, the Langer Mindfulness 
Scale (LMS), was only completed in May 2010 by Phase 1 participants, Phase 2 
participants were excluded from the current study. Of the 56 Phase 1 participants, 15 
participants did not complete the LMS questionnaire or were recruited after the 
questionnaire was electronically sent to participants. Additionally, 8 participants are 
missing phone-sensing data, limiting the final number of participants included in this 
study to 33. All participants included in the current study have data for all categories of 
phone sensing data (i.e., WiFi, Bluetooth, Calls, Texts, and phone usage).  
 For the 33 participants within the current study, the sample had a near even 
distribution of males (n = 17) and females (n = 16), and racial/ethnic breakdown of 9 
Asian, 3 Hispanic, 1 Native American, and 20 White participants. Among the participants 
within the current dataset, 32 were in a relationship with another participant (i.e., 16 
couples) and 5 were either single or their significant other was not included in the current 
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study. Due to the de-identification of the original dataset, information regarding 
participants’ age, occupation, and other personal information was not available. 
 
Measures 
 Langer Mindfulness Scale. The Langer Mindfulness Scale (LMS) was 
developed to be a reliable and valid measure of trait mindfulness in the Western socio-
cognitive tradition (Langer, 2004; Pirson et al., 2012). LMS research suggests that the 
general population shows a large range of mindfulness, and on average the majority 
people demonstrate a mild level of mindfulness (Ie, Haller, Langer, & Courvoisier, 2012; 
Pirson et al., 2012)The LMS was originally designed to have a total score and four 
subscales representing overall trait-mindfulness and four theoretical sub-constructs (i.e., 
Flexibility, Novelty Seeking, Novelty Producing, and Engagement; (Langer, 2004; Pirson 
et al., 2012), but item count and theoretical structure have changed since its inception. 
In the original development of the LMS (i.e., LMS-21), an initial set of 42 items 
was reduced to 21 items. This reduction was conducted via a repetitive process of 
exploratory factor analysis (EFA) in which items that loaded significantly on more than 
one factor or no factor were eliminated. At the initial stage, the LMS-21 was found to 
best fit a 1-factor structure, and less adequately fit the theoretical 4-factor structure (i.e., 
Flexibility, Novelty Seeking, Novelty Producing, and Engagement; (Langer, 2004; Pirson 
et al., 2012). The next psychometric study (Haigh et al., 2011) of the LMS-21 suggested 
that the data best fit a 2-factor model (i.e., Mindfulness and Mindlessness); however, a 1-
factor model also had adequate fit. The LMS was then further developed by again 
attempting to improve the efficiency of the scale (Pirson et al., 2012). In this study, the 
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LMS was found to initially have 5-factors and items were deleted if they did not load 
significantly onto any factor or loaded onto more than one factor. This process was again 
repeated until the EFA suggested that there existed 3 factors (cutoff: factor eigenvalue > 
1) and all items loaded significantly onto at least 1 factor. Following this, a confirmatory 
factor analysis was completed, which revealed that a 14-item measure (LMS-14) best fit a 
3-factor (i.e., Novelty Seeking, Novelty Producing, and Engagement) structure. The final 
study to look at the psychometric properties of the LMS (Leong & Rasli, 2013) set out to 
try and confirm the originally proposed 4-factor structure and novel 3-factor structure. 
Confirmatory factor analysis of all 21 items showed that data fit neither a 4-factor (i.e., 
the original study) nor a 3-factor model (i.e., the best structure of the 14-item version). 
Researchers then ran an EFA of the 21 items and found that data best fit a 2-factor 
structure (i.e., Mindfulness and Mindlessness), and model fit was then increased by 
dropping 2-items to form a 19-item scale (LMS-19). Of note, this study did not report fit 
statistics for the 2-factor structure when compared to a 1-factor structure. 
While multiple studies have looked at the reliability, convergent validity, and 
criterion validity of the LMS, there has been limited replicability across research groups 
due to differences in scoring guidelines used (for reasons explained above). The total 
scores for LMS-21, LMS-19, and LMS-14 have all shown good reliability (Haigh et al., 
2011; Leong & Rasli, 2013; Pirson et al., 2012), with the LMS-14 subscales showing the 
weakest reliability (Pirson et al., 2012). While the LMS-21 and LMS-19 were never 
compared against other mindfulness measures, the LMS-14 was strongly correlated with 
the Mindful Attention and Awareness Scale and Five Facet Mindfulness Questionnaire 
(i.e., two Eastern tradition measures of mindfulness), indicating that it has good content 
  
 
18 
validity (Pirson et al., 2012). Additionally, the LMS-21 and LMS-14 total scores and 
respective sub-scores have been shown to have convergent validity with several clinical 
measures of affect (i.e., positive and negative), personality traits (i.e., openness and 
neuroticism), overall mental health, and others (See Table 1; Haigh et al., 2011; Pirson et 
al., 2012). 
Considering all the psychometric literature on this measure, the 21-item LMS 
total score may not be the most efficient mindfulness scale, but it is likely a fair 
representation of overall trait-mindfulness because multiple studies support either a 1-
factor model or 2-factor model, in which the two-factor model describe two dichotomous 
ends of a theoretical continuum (i.e., mindfulness/mindlessness) and likely not two 
independent phenomena. The LMS-14 may have more extensive research linking it to 
other measures; however, many of those associations would likely hold for the similar, 
yet less efficient, LMS-21. The LMS-14 was not chosen as the primary outcome measure 
because the total score may be less representative of overall trait-mindfulness due to it 
showing more than two factors. Additionally, during the creation of the LMS-14 (Pirson 
et al., 2012), researchers may have artificially enhanced the significance of additional 
factors. Researchers removed items for not fitting initial 5-factor models, which may 
have been overestimating the number of underlying factors. The number of factors may 
have been artificially increased because the researchers (Pirson et al., 2012) used a valid, 
but liberal, criterion (i.e., eigenvalue > 1) for finding significant factors (Lance, 2006). 
For the current study, the LMS-21 total score was used as the primary outcome 
variable. For the exploratory aims, the following LMS scores were included within the 
analysis: LMS-19 Total score, LMS-19 Mindfulness subscale, LMS-19 Mindlessness 
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subscale, LMS-14 Total score, LMS-14 Novelty Seeking subscale, LMS-14 Novelty 
Producing subscale, and LMS-14 Engagement subscale. 
Phone-Sensing Metrics. Within the original dataset, multiple sources of phone-
sensing data were collected. The smartphones ran a specially developed software 
platform, FunF, which logged information regarding: visible cell towers, detected WiFi 
networks, proximity to Bluetooth devices, accelerometer activity, calls, texts, running 
applications, and other information. For the current study, the types of phone-sensing 
data that were used include location data via WiFi, proximity data via Bluetooth, call and 
text logs, and running application logs. 
WiFi Data. WiFi data were used to estimate participants’ approximate location 
and pattern of movement throughout each day. Software within the participants’ phone 
logged all visible WiFi networks approximately every 15 minutes. WiFi variables 
included in the dataset included: the date and time of detection, the de-identified ID 
unique to the WiFi router (i.e., MAC address), and signal strength (i.e., RSSI). The 
timestamp and WiFi router ID’s were be used to calculate the average daily entropy (i.e., 
randomness) of the participant’s location. 
Entropy is a measure of the unpredictability of information (Phithakkitnukoon, 
Husna, & Dantu, 2008), where something that is highly predictable or follows consistent 
patterns is considered to have low entropy (i.e., flipping a coin with two heads) and 
something that is unpredictable and seemingly random has high entropy (i.e., flipping a 
normal coin). Previous phone-sensing research has been able to link entropy of people’s 
movements (via WiFi, cellular, and GPS), long-distance communication (via calls and 
text logs), and face-to-face interactions (via logging detected Bluetooth devices) to the 
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participant’s occupation (Eagle & Sandy Pentland, 2006), physical and psychological 
health (Ben-Zeev et al., 2016; Madan et al., 2012) and personality traits (Pan et al., 2011; 
Staiano et al., 2012); however, there has been no research linking objective 
measurements of behavioral entropy with mindfulness specifically. 
Bluetooth Data. Similar to the WiFi data, information was also collected by 
logging all Bluetooth signals that were detected every 5 minutes. Variables included 
within the Bluetooth dataset include: the date and time of detection, the de-identified ID 
unique to the Bluetooth device, and the participant ID if the detected device was another 
participant’s phone. Detected Bluetooth devices served as a proxy of face-to-face 
interactions. While the number of Bluetooth devices cannot precisely quantify the 
number of personal interactions within a day, Bluetooth data can serve as an 
approximation of face-to-face interactions, as number of Bluetooth devices detected has 
been shown to strongly correlate with self-reported counts of social interactions (Eagle & 
Sandy Pentland, 2006). Variables planned for analysis within the current study include 
total unique Bluetooth devices detected and average daily entropy of detected Bluetooth 
devices. 
Call and Text Logs. Software within the phone also logged the occurrence of all 
incoming and outgoing calls and text messages. Phone numbers were de-identified using 
a cryptographic hash function (Madan et al., 2010), which is a mathematical process in 
which a data string is converted into a consistent standard sized string of numbers and 
letters where the function is considered to be practically impossible to reverse. Each call 
and text record includes: the date and time of call or text, the type of call or text (e.g., 
incoming, outgoing, or missed call), the hashed phone number, the call duration, and the 
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participant ID if the other party is a participant in the study. The variables that were used 
for the analysis included: total number of communications (i.e., calls and texts), total 
number of unique phone numbers logged, time between communications (i.e., inter-event 
time), and average daily entropy of communication times (i.e., “On average, how 
predictable is the time they communicate with others each day?”).  
Phone Usage. To observe phone activity and interaction, the running applications 
within the OS were also sampled every 30 seconds. Each phone usage records included 
the date and time of sampling and package name of the running application. The primary 
phone usage variable that were used for analysis is the within-day phone usage 
consistency, which was calculated by dividing each day into 15-minute time slots (i.e., 96 
time slots per day) and calculating how many time slots included phone usage. 
 
Procedures 
The dataset used for the current study was accessed from the original authors’ 
website (http://realitycommons.media.mit.edu/friendsdataset4.html). The dataset was de-
identified and made publically available, and has been utilized by several researchers in 
the computer science field. The dataset is accessible to anyone after agreeing to reference 
the source of the original data, not distribute the data to others, and not attempt to re-
identify the participants. 
  Results 
Statistical Plan 
 To evaluate the aims of the study, a multi-step analysis was proposed. First, 
differences in trait-mindfulness were explored for multiple demographic groups, as the 
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current study aimed to find significant associations between phone-sensing variables and 
mindfulness while controlling for demographics. Second, correlations were explored 
between multiple categories of phone-sensing data (i.e., behavioral rigidity, phone 
attachment, and sociability) and trait mindfulness (i.e., LMS-21 Total score). Third, 
phone-sensing variables that were significantly associated with mindfulness in step two 
were included in a sequential regression using two blocks of predictors. The first block of 
variables included demographic variables significantly associated with trait mindfulness, 
while the second block contained all phone-sensing predictors. Variables were entered 
into the regression in two blocks to determine how much variance in trait mindfulness 
was explained by phone sensing variables above and beyond the variance explained by 
demographics. After all variables were entered into the regression, the regression was 
then recursively run where each predictor was removed and replaced until the unique 
explained variance was measured for each predictor. Lastly, the relationship between 
alternative scoring systems for the LMS and phone-sensing data were examined for the 
exploratory aim of the study.  The alternative score that was most highly correlated with 
phone-sensing variables was used as an outcome variable, and steps two and three of the 
primary analysis were repeated with the alternative score. All results herein are in 
reference to these described analytical steps; however, test results for each step will be 
separated and described in relation to their respective hypotheses.   
 
Data Processing 
Calculating Summary Variables. All phone sensing variables were computed via 
simple aggregation (e.g., total count of communications) or more complex computation 
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(e.g., average daily entropy). The most complex computations include the average daily 
entropy of location, communication time, and face-to-face interactions. All three entropy 
variables were calculated using Shannon’s entropy equation (Equation 1; 
Phithakkitnukoon et al., 2008) to calculate the level of entropy each day and then each 
variable’s entropy were averaged across all days. ! " = − % & log* % & 																																									(1)/  
For the WiFi and Bluetooth entropy, Shannon’s entropy equation requires first 
determining which WiFi routers or Bluetooth devices, respectively, are encountered each 
day, and then calculating the probability of detecting each router or device (i.e., p(x); the 
number of times that router or device is encountered [x] divided by the total number of 
encounters across all days). The equation for the entropy of communication time is 
similar; however, the probability of communication time is a ratio of the number of 
communications during that hour slot to the total number of calls across all time slots. 
Test for Outliers. Once all variables were calculated, all predictor and outcome variables 
were graphed using boxplots and examined for significant outliers. One participant (ID = 
52) was removed from further analyses as the participant’s average daily WiFi entropy 
was found to be greater than three times the standard deviation. There were four other 
variables that were shown to have one or two outlying data points; however, these 
outliers were not removed because they were of lesser magnitude (i.e., < 1 SD), were 
representative of different participants, and all data points would be tested further for 
increased regression leverage prior to inclusion in the multiple regression analyses. 
 
  
 
24 
Demographic Covariates. To determine if demographic variables were to be included as 
covariates within the primary analyses, an ANOVA was conducted comparing LMS-21 
Total scores for men (M = 103.9 , SD = 12.9) and women (M = 114.8 , SD = 11.5), as 
well as parents (M = 106.5 , SD = 13.4) and non-parents (M = 113.1 , SD = 12.9). A 2 
(gender) x 2 (parentage) between-groups ANOVA revealed a significant main effect for 
gender, F(1, 29) = 7.35, p < .05, η2p = .20, but not parentage, F(1, 29) = 3.380, p =.076, 
η2p = .104. No significant interaction of gender and parentage was observed, F(1, 32) = 
.652, p = .426, η2p= .022. As women had significantly higher trait mindfulness than men, 
gender was retained as a covariate for subsequent regression analyses. 
Testing Regression Assumptions 
 Assumptions were tested in a multistep process. First, outliers were explored in 
greater depth by evaluating each predictors impact on the regression line using DFBETA 
values (i.e., a measure of the influence a point has on a regression line). A recommended 
cut-off of |DFBETA| > 2/ 2  (Belsley, Kuh, & Welsch, 1980) was used for this study 
and no data points were shown to be outliers. 
The assumption of homoscedasticity was tested using residual plots to ensure that 
error in trait mindfulness scores did not vary at different levels of each predictor variable. 
No issues with homoscedasticity were found between variables of interest and trait 
mindfulness. Multicollinearity was also assessed using a tolerance cut-off of < .1 and a 
variance inflation factor (VIF) of > 10. While no variables in the full regression equation 
met the cut-off criteria (i.e., no variables had significant multicollinearity), results 
indicated that there was some multicollinearity in average daily Bluetooth detection 
entropy (tolerance = .258) and total Bluetooth detections on nights and weekends 
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(tolerance = .275); however, this was to be expected as both measures are aggregates of 
the same data source, yet still conceptually distinct. 
Assumption of linearity was tested for each relationship between the outcome 
variable and each predictor variable. With the exception of average daily WiFi detection 
entropy, each relationship was shown to significantly fit the linear model, p < .05. 
Contrary to the other variables, the average daily WiFi detection entropy was shown to 
best fit a logarithmic model, p = .05. Therefore, average daily WiFi detection entropy was 
log-transformed prior to running further analyses.  
 
Primary Analyses 
Hypothesis 1: Increased average daily entropy (i.e., most days are very unpredictable) of 
approximate location (i.e., detected WiFi networks), time of communications (i.e., phone 
calls and texts), and face-to-face interactions (i.e., detected Bluetooth devices) will all be 
significantly positively associated with increased trait mindfulness.  
 
To evaluate whether average daily entropy of WiFi detections, average daily 
entropy of communications times, and average daily entropy of Bluetooth detections 
significantly predict mindfulness (i.e., LMS-21 total score), each of three phone-sensing 
variables was correlated with trait mindfulness. Results indicated that there were near 
significant negative correlations between average daily entropy of WiFi detections and 
trait mindfulness, r(32) = - .342, p = .05, and average daily entropy of Bluetooth 
detections and mindfulness, r(32) = - .433, p < .05. Conversely, average daily entropy of 
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communications times was not significantly associated with trait mindfulness, r(32) = - 
.041, p > .05, and was not included in the subsequent regression.	
 A multiple regression was conducted using a two-step sequential regression. In 
the initial step of the sequential regression, LMS-21 total score (M = 109.5, SD = 13.2) 
was regressed on gender (M = .480, SD = .508) to establish a baseline of how much 
variance is explained by demographic characteristics. This initial model was significant, 
F(1, 31) = 6.549, p < .05, R2Adj = .148.  In addition, gender was a significant predictor of 
LMS-21 Total score, b = -10.89, SE(b) = 4.342, p < .05, 95% CI[108.7, 120.8]. 
 In the next step of the multiple regression, average daily entropy of WiFi 
detections (log-transformed; M = 2.54, SD = .397), average daily entropy of Bluetooth 
detections, (M = 90.8, SD = 40.3), and total Bluetooth detections on nights and weekends 
(see below in Hypothesis 3) were added to the initial model (i.e., only gender). This 
second model was significant, F(4, 28) = 2.90, p < .05, R2Adj = .191; however, the amount 
of variance explained was not significantly different from the previous model, despite the 
second model explaining a medium amount of additional variance, F(3, 28) = 1.559, p > 
.05, R2Change = .118. In addition, the relationship between trait mindfulness and average 
daily entropy of WiFi detections while controlling for all other predictors was not 
significant, b = -3.17, SE(b) = 6.55, p > .05, 95%CI[-16.6, 10.25]. Similarly, the 
relationship between trait mindfulness and average daily entropy of Bluetooth detections 
while controlling for all other predictors was not significant, b = -.08, SE(b) = .102, p > 
.05, 95% CI[-.291, .128]. While the regression may be underpowered, it appears that 
participant’s day-to-day unpredictability in their location (i.e., average daily entropy of 
WiFi detections) and who they have face-to-face interactions with (i.e., average daily 
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entropy of Bluetooth detections) are negatively associated with trait mindfulness (i.e., 
people who are more mindful are more predictable) due to the significant negative 
correlations and moderate amount of unique variance explained. 
 
Hypothesis 2: Decreased within-day phone usage consistency, increased average time 
between communications, and increased variability of time between communications will 
all be significantly associated with increased trait mindfulness. 
 
To examine the relationship between phone attachment indicators and 
mindfulness, correlations were explored between within-day phone usage consistency, 
average time between communications, variability of time between communications and 
trait mindfulness. All three phone sensing variables were not significantly associated with 
trait mindfulness (see Table 3) and were not considered for further analyses. 
 
Hypothesis 3: Increased total communications (i.e., calls and texts), number of unique 
phone numbers communicated with, and total face-to-face interactions on nights and 
weekends will all be significantly associated with increased trait mindfulness. 
 
 Among the three measures of sociability, only total face-to-face interactions (i.e., 
total Bluetooth detections) on nights and weekends (M = 56,959, SD = 36,191) had a 
significant negative association with trait mindfulness, r(32) = - .381, p < .05. Total 
communications (M = 2,099, SD = 1,735) and number of unique phone numbers (M = 
129.5, SD = 75.0) were not significantly associated (p>.05) with trait mindfulness, nor 
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included in the subsequent regression. Regarding the previously discussed multiple 
regression, the relationship between trait mindfulness and face-to-face interactions while 
controlling for all other predictors was not significant, b = -.000, SE(b) = .000, p > .05, 
95%CI[<.001, <.001]. 
 
Hypothesis 4: Behavioral entropy variables will predict significantly more variance in 
trait mindfulness than smartphone attachment and sociability variables. 
 
 To determine which type of variables were most predictive, the regression was 
recursively run with each predictor being removed and replaced until the unique variance 
was measured for each predictor. When total Bluetooth detections on nights and 
weekends was removed from the full set, the resulting model was significant, F(3, 29) = 
3.98, p < .05, R2Adj = .219; however, the amount of variance explained was not 
significantly different from the previous model, F(1, 28) = 1.031, p > .05, R2Change = -
.001. When average daily entropy of Bluetooth detections was removed from the full set, 
the resulting model was significant, F(3, 29) = 3.97, p < .05, R2Adj = .202; and, again, the 
amount of variance explained was not significantly different from the previous model, 
F(1, 28) = .632, p > .05, R2Change = -.016. When average daily entropy of WiFi detections 
was removed from the full set, the resulting model was significant, F(3, 29) = 3.884, p < 
.05, R2Adj = .213; and, like the other models, the amount of variance explained was not 
significantly different from the previous model, F(1, 28) = .234, p > .05, R2Change = -.006.  
While all changes in R2 were not significant, including the moderate change in variance 
explained after adding all three variables to gender, it is possible that results are not 
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significant due to being underpowered. If change in the amount of explained variance is 
considered, results suggest that a negligible amount (.01%) of the explained variance is 
unique to total Bluetooth detections on nights and weekends, and therefore behavioral 
entropy variables appear to be better predictors of mindfulness compared to the proposed 
measures of sociability.  
 
Exploratory Analyses  
Finally, the relationship between alternative LMS scoring systems and phone-
sensing data was examined for the exploratory aim of the study. The relationships 
between phone sensing variables and LMS-19 Total score (M = 99.73, SD = 12.0), LMS-
19 Mindfulness subscale (M = 69.06, SD = 8.39), LMS-19 Mindlessness subscale (M = 
30.67, SD = 5.01), LMS-14 Total score (M = 73.33, SD = 10.19), LMS-14 Novelty 
Seeking subscale (M = 28.33, SD = 3.78), LMS-14 Novelty Producing subscale (M = 
24.03, SD = 5.07), and LMS-14 Engagement subscale (M = 20.97, SD = 3.47) were all 
compared. Among all the alternative scores, the LMS-14 Novelty Seeking had the overall 
strongest associations with phone sensing measures (see Table 4). 
The LMS-14 Novelty Seeking score was then further analyzed with the same 
multiple regression method used in the primary analysis. First, LMS-14 Novelty Seeking 
was regressed on gender, and the model was significant, F(1, 31) = 16.71, p < .05, R2Adj = 
.329.  In addition, gender was a significant predictor of LMS-21 Total score, b = -4.408, 
SE(b) = 1.08, p < .05, 95%CI[-6.61,-2.21]. Like the primary analyses, average daily 
entropy of WiFi detections, average daily entropy of Bluetooth detections, and total 
Bluetooth detections on nights and weekends were added to the initial model (i.e., only 
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gender). This second model was significant, F(4, 28) = 7.631, p < .05, R2Adj = .453; and 
unlike the primary analyses, the amount of variance explained was significantly more 
than the previous model, F(3, 28) = 3.34, p < .05, R2Change = .171. Lastly, all individual 
phone sensing predictors remained not significant (See Table 5), suggesting that the 
regression may still be underpowered. 
Discussion 
 The current study explored the relationship between behavioral phone sensing 
data and trait mindfulness. Based on previous research into behaviors associated with 
increased or decreased trait mindfulness, it was hypothesized that measurable phone 
related behaviors indicative of increased behavioral rigidity, phone attachment, and 
sociability would be associated with reduced trait mindfulness.  Specific relationships 
were explored via a series of correlation and regression analyses, which revealed multiple 
key findings. 
 The majority of phone sensing variables were not significantly correlated with 
trait mindfulness. As no previous research had investigated both mindfulness and phone 
behaviors, a wide variety of metrics were targeted in analyses. Among the phone-sensing 
variables tested, approximations of day-to-day location predictability (e.g., average daily 
entropy of WiFi detections) and face-to-face interactions (e.g., total Bluetooth detections 
on nights and weekends) were the most predictive of trait mindfulness, and entropy 
measures explained the most unique variance in mindfulness scores. This finding was 
consistent with the hypothesis that measures of behavioral rigidity (i.e., entropy) would 
best predict mindfulness; however, the nature of this relationship was opposite of original 
hypotheses. Specifically, participants with increased mindfulness were more predictable 
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in their location and who they interacted with (i.e., which Bluetooth devices they move 
past). Critically, this finding brings into question previously established assumptions 
regarding mindfulness and what is described as “rigid behavior.”  
According to Langer’s conceptualization of mindfulness, decreased mindfulness 
leads to inflexible thinking, which in turn causes predictable and repetitive behavior 
(Haigh, Moore, Kashdan, & Fresco, 2011). Within this framework, inflexibility is 
considered sub-optimal, because people’s behavioral choices “should” be as dynamic and 
the context they are placed in. Importantly, the current study provides evidence that some 
forms of behavioral predictability may be beneficial. These findings suggest that more 
regimented people tend to have greater mindfulness.  
Although these findings are counter to hypotheses, some studies suggest that more 
regimented and consistent behaviors may in fact be beneficial. A study on regimented 
treatment adherence suggested that conscientiousness, which is highly associated with 
mindfulness (Giluk, 2009), was linked to consistently taking a medication at the same 
time every day. Moreover, adherence consistency was also predictive of treatment 
outcomes in another study (Rosen et al., 2003). It is also possible that consistent and 
regimented daily behaviors may help elevate mindfulness or protect against 
mindlessness, as research suggests that decreasing the number of daily decisions through 
regimented daily behaviors is associated with increased executive functioning (Vohs et 
al., 2008). It is speculated that decreasing “decision fatigue” by adopting more 
regimented behaviors allows the person to more efficiently and effectively allocate 
cognitive resources throughout the day. 
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 The current study also found that face-to-face interactions were more predictive 
than phone-mediated interactions (e.g., texting). It does not appear that mindfulness is 
associated with increased sociability in general, but rather mindfulness seems to be 
associated with just face-to-face socializing. What is most interesting, however, is that 
increased mindfulness was associated with decreased face-to-face interactions on nights 
and weekends, which is the opposite of what was hypothesized given mindfulness’ 
association with increased extroversion. This finding of decreased sociability may be 
explained by a more nuanced consideration of extroversion. For decades, the prevailing 
core feature of extroversion has been the increased sociability due to social behaviors 
being highly correlated with the extroversion personality trait; however, more nuanced 
conceptualizations of extroversion have suggested that the core feature of extroversion is 
not simply an increased proclivity for social interactions, but rather an increased 
enjoyment of social attention and increased sensitivity to positive situations (Ashton, Lee, 
& Paunonen, 2002). In this framework, someone who is more extroverted gets more out 
of social situations, especially ones that are positive, but it is not necessary that they 
engage more. Increased social interaction is viewed more as a common effect, but not the 
cause of extroversion. When considering this framework, the findings that people who 
are more mindful may be both extroverted and engage less on nights and weekends may 
be due to a discrepancy between their attitude towards and physical engagement in social 
interactions. While further study is needed, it may be that mindfulness skills (e.g., 
focused attention on present emotions and impulses) may amplify the benefits of 
extroversion (e.g., increased modulation of affect), while dampening aspects which are 
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more strongly associated with increased sociability (e.g., impulsivity and sensation 
seeking).   
 The last critical finding from the current study was that phone sensing measures 
explained a large amount of variance that was largely separate from gender. Consistent 
with previous research, women were more likely to have increased mindfulness. While 
the current study was more interested in comparing the phone sensing variables to each 
other; however, gender alone and the group of phone sensing variables both explained 
similar amounts of total variance. This suggests gender is important, but largely 
independent of the relationship between phone sensing variables and mindfulness. As the 
current study was ultimately interested in behavioral differences in people with varying 
degrees of mindfulness, it is reassuring for future research into the clinical utility of 
phone sensing methods that behaviors of interest cut across both men and women. 
 
Limitations 
 One major limitation of the current study was a lack of power due to a relatively 
small sample size. While the originally study had over 150 participants, only a small 
fraction of the participants were given the LMS, and sample size was further limited by 
poor compliance during phone sensing data collection. As a result of this, relationships 
were found to be nonsignificant despite explaining a medium to large amount of variance 
in analyses. While it is likely that these relationships would have been significant with a 
larger sample size, further study is needed to understand whether the relationships 
identified remain consistent in a larger sample. Due to the limited statistical power in 
conjunction with conflicting previous research on the LMS, it is difficult to interpret the 
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current study’s exploratory findings on LMS alternate scoring. While LMS-14 Novelty 
Seeking score was more closely associated with phone sensing data, it is unclear as 
whether this small improvement is due to an anomaly in the phone sensing data, an 
artifact in how the LMS-14 was constructed, or if the finding truly represented an 
improved relationship. This question may be answered in future research with a larger 
sample size and more clinical measures. 
 The second major limitation of the study was the limited amount of contextual 
information on participants. This problem of lack of context is a limitation on both the 
methodology and the current study’s dataset. Regarding the methodological limitations, 
all phone sensing results are limited by an inferential gap, where data is often a proxy for 
a more complex behavior or cognition that is being inferred. As an example, there are a 
number of factors that may cause differences in Bluetooth detections (e.g., social 
economic status of others in social network), even though number of face-to-face 
interactions is one of the likely causes (Eagle & Sandy Pentland, 2006). 
Regarding the limitations on the current study’s dataset, because the dataset was 
made openly available online, most demographic information was removed to protect 
participant identities. Because gender predicted mindfulness, it is possible that age or 
income might also be important moderators, and in fact have been shown to be 
previously to be associated with mindfulness (Pan et al., 2011; Splevins, Smith, & 
Simpson, 2009). Similarly, there was limited contextual information regarding phone 
sensing metrics. For example, having the ability to identify which Bluetooth devices were 
associated with a participant’s friends or family may have provided the opportunity for 
more specific and targeted hypotheses. 
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In addition, vast amounts of data collected for each individual were aggregated 
into a handful of descriptive data points (i.e., data points spanning months were 
aggregated into a single data point). This was largely because the current study was 
primarily focused on longitudinal behaviors, and inferring significance from a single 
point in time would have required multiple measurements of mindfulness over time. 
Given the lack of longitudinal outcome measurements, the current study was unable to 
implement more sophisticated statistical methods that would provide greater insight into 
such questions (Ferdous, Osmani, & Mayora, 2015; Moturu et al., 2011; R. Wang, Chen, 
Chen, Li, & Harari, 2014). It is likely that the future of this research will be in 
understanding more nuanced data patterns and, ultimately, researchers may be able to 
make specific inferences about the impact of time or events, rather than large-scale 
patterns of behavior.  
Future Directions  
 Future research in this topic should focus on better isolating mindfulness as a 
construct, as well as measuring more specific day-to-day behaviors. Having multiple 
clinical measures would help better differentiate between mindfulness and other related 
constructs (e.g., sociability, cognitive functioning, or positive affect). Similarly, given the 
advances in mindfulness research over the past few decades (Brown et al., 2007; Brown 
& Ryan, 2003), future research should aim to use measures more commonly used in 
clinical settings and clinical research (e.g., Mindfulness Attention and Awareness Scale; 
(Baer et al., 2006).  
 Another major improvement in our understanding of phone sensing mindfulness 
behaviors could come from more self-reported sampling of behavior. While phone 
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sensing is largely designed to passively collect data, routinely collecting self-reported 
accounts of behaviors (i.e., ecological momentary assessment) in conjunction with 
traditional phone sensing variables could allow researchers to build better models for 
inferring the presence of mindfulness behaviors. As an example, related phone sensing 
research have sampled mood and affect at multiple times per day and compared these 
data to changing patterns in phone data (Moturu et al., 2011). With the self-reported 
measures of mood, researchers were able to train models to better distinguish different 
levels of affect. With these comparisons of self-report and phone sensing data, future 
technology may be able to detect changes in states of mindfulness as easily as phone’s 
currently detect whether a person is walking or running.  
 This need for other forms of measurement also highlights the limitations of 
phone-sensing as the sole means of measuring mindfulness. Ultimately, the future of 
mindfulness assessment will likely constitute a combination of methods, in which phone 
sensing strengths (e.g., ability to quantify the frequency of behaviors) and weakness (e.g., 
inability to directly observe thoughts and cognitions) will compliment an array of other 
tools.  
Conclusion 
 Phone sensing data collection is a burgeoning methodology that may be well 
suited to measure longitudinal behaviors related to mindfulness, among other 
psychological constructs. Findings from the current study demonstrate phone sensing 
variables related to behavioral entropy (i.e., consistency and predictability) and face-to-
face interactions appear to be the strongest phone sensing predictors of trait mindfulness. 
While highly specific inferences are difficult to discern without overfitting the current 
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study’s data, phone sensing measures explained a moderate to large amount of variance 
in mindfulness, even after taking into account significant demographic information like 
gender. The findings are promising for future clinical research on objectively measuring 
longitudinal behaviors or fluctuations in behavior that are historically difficult to 
accurately quantify. Like many psychological phenomenon, mindfulness has historically 
been viewed as a nebulous construct with varying definitions; however, more research 
into measurable behavioral patterns may help to develop increasingly objective 
definitions of mindfulness and other constructs.  
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Table 2. Phone-Sensing Variables and Hypothesized Association with LMS-21 total score 
Hypothesized Variable Hypothesized Association 
Hypothesis 1- Behavioral Rigidity Variables 
    Average daily entropy of detected WiFi networks 
    Average daily entropy of communications times 
    Average daily entropy of detected Bluetooth devices 
 
Positive 
Positive 
Positive 
Hypothesis 2 – Smartphone attachment Variables 
    Average within-day Phone usage consistency 
    Average time between communications 
    Standard deviation of time between communications 
 
Negative 
Positive 
Positive 
Hypothesis 3 – General Sociability Variables 
    Total communications (i.e., calls and texts) 
    Total unique phone numbers logged 
    Total detected Bluetooth devices on nights and 
weekends 
 
Positive 
Positive 
Positive 
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Table 3. Correlations between LMS-21 total score and phone attachment predictors  
Variable M(SD) r p 
Average within-day phone usage consistency 23.3 (12.3) -.009 >.05 
Average time between communications (secs) 2912 (936) -.032 >.05 
Average variability of time between communications 
(secs) 
6420 
(1414) .076 >.05 
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Table 6. Summary of Findings for Primary and Exploratory Aims 
 Hypothesis  Finding 
Aim 1   
Hypothesis 1 
Increased (a) average daily entropy 
of approximate location, (b) 
average daily entropy of time of 
communications, and (c) average 
daily entropy of face-to-face 
interactions will all be significantly 
positively associated with trait 
mindfulness.  
• (a) Average daily entropy of 
approximate location and (c) average 
daily entropy of face-to-face interactions 
were negatively associated with trait 
mindfulness. 
Aim 2   
Hypothesis 2 
Decreased (a) within-day phone 
usage consistency, (b) increased 
average time between 
communications, and (c) increased 
variability of time between 
communications will all be 
significantly positively associated 
with trait mindfulness.  
• No variables were found to be 
significantly associated with trait 
mindfulness. 
   
Aim 3   
Hypothesis 3 
 
 
 
Increased (a) total 
communications, (b) number of 
unique phone numbers 
communicated with, and (c) total 
face-to-face interactions on nights 
and weekends will all be 
significantly associated with 
increased trait mindfulness. 
• Only (c) total face-to-face interactions 
on nights and weekends was 
significantly associated with trait 
mindfulness. 
Aim 4   
Hypothesis 4 
Behavioral entropy variables will 
predict significantly more variance 
in trait mindfulness than 
smartphone attachment and 
sociability variables. 
• Entropy variables explained more 
unique variance in mindfulness relative 
to other phone sensing variables. 
• Daily entropy of face-to-face 
interactions explained the most unique 
variance in mindfulness. 
• Gender explained the most unique 
variance relative to all variables 
analyzed. 
Exploratory Aim  
  
There was no proposed hypothesis 
for which alternate score would be 
the most predictive. 
• The LMS-14 Novelty Seeking score had 
the strongest associations with phone 
sensing variables 
• Phone sensing variables were marginally 
more predictive of LMS-14 Novelty 
Seeking compared to LMS-21 Total. 
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